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GRAPHICAL ABSTRACT 
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ABSTRACT 11 
The objective of this paper is to show the results of an industrial project dealing with modelling of anaerobic 12 
digesters. A multi-scale mathematical approach is developed to describe reactor hydrodynamics, granule 13 
growth/distribution and microbial competition/inhibition for substrate/space within the biofilm. The main 14 
biochemical and physico-chemical processes in the model are based on the Anaerobic Digestion Model No 1 15 
(1) extended with the fate of phosphorus (), sulfur () and ethanol ( − 
). Wastewater dynamic 16 
conditions are reproduced and data frequency increased using the Benchmark Simulation Model No 2 17 
(2) influent generator. All models are tested using two plant data sets corresponding to different 18 
operational periods (#1,	#2). Simulation results reveal that the proposed approach can satisfactorily 19 
describe the transformation of organics, nutrients and minerals, the production of methane, carbon dioxide 20 
and sulfide and the potential formation of precipitates within the bulk (average deviation between computer 21 
simulations and measurements for both #1,	#2 is around 10 %)  Model predictions suggest a stratified 22 
structure within the granule which is the result of: 1) applied loading rates, 2) mass transfer limitations and 23 
3) specific (bacterial) affinity for substrate. Hence, inerts () and methanogens () are situated in the 24 
inner zone, and this fraction lowers as the radius increases favouring the presence of acidogens (, , 25 
	) and acetogens (, 	). Additional simulations show the effects on the overall process performance 26 
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when operational (pH) and loading (: 
) conditions are modified. Lastly, the effect of intra-granular 27 
precipitation on the overall organic/inorganic distribution is assessed at: 1) different times; and, 2) reactor 28 
heights. Finally, the possibilities and opportunities offered by the proposed approach for conducting 29 
engineering optimization projects are discussed. 30 
KEYWORDS 31 
ADM1, Bacterial Competition, Biofilms, Industrial Wastewater, Sulfate Reducing Bacteria, Physico-32 
Chemical Modelling.  33 
NOMENCLATURE 34 
AD Anaerobic digestion 
ADM1 Anaerobic Digestion Model No 1 
AFBR Anaerobic fluidized bed reactor 
AT Anaerobic technologies 
BSM2 Benchmark Simulation Model No 2 
 Methane production measurements (m3.day-1) 
CSTR Continuous stirred tank reactor 

 Carbon dioxide production measurements (m3.day-1) 
COD Chemical oxygen demand 
#D Data set for model testing 
DA Degree of acidification 
Et-OH Ethanol 
EGSB Expanded granular sludge bed 
 − !
 
Gas liquid separation unit 
 "#$ Methane production rate (model) (gas) (ADM1) (m3.day-1) 
 "%& Carbon dioxide production rate (model) (gas) (ADM1) (m3.day-1) 
 # Hydrogen production rate (gas) (model) (ADM1) (m3.day-1) 
 #&' Hydrogen sulfide production rate (model) (gas) (ADM1) (m3.day-1) 
 Sulfide production measurements (m3.day-1) 
(

)*(
 Phosphate measurements (g.m-3) 
+
 
Internal circulation 
!
 
Biofilm thickness (m) 
N Nitrogen 
,-./. Nitrogen soluble measurements (g.m-3) 
,-./. Nitrogen particulate measurements (g.m-3) 
,( Ammonium/ammonia measurements (g.m-3) 
 Mixing section 
MET Methanogenic bacteria 
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MMP Multiple mineral precipitation 
P Phosphorus 
11 Expanded sludge bed section of the reactor 
12 Polishing section of the reactor 
S Soluble compound (model) 
SI Saturation index 

(
*
 Sulfate/sulfite measurements (g.m-3) 
SRB Sulfate reducing bacteria 
 Amino acids (ADM1) (kg COD.m-3) 
 Total acetic acid (ADM1) (kg COD.m-3) 
2/3 S content in biomass (ADM1) (kmol S.kg COD.m-3) 
2 Total butyric acid (ADM1) (kg COD.m-3) 
" Calcium (ADM1) (kmol.m-3) 
"4 Chloride (ADM1) (kmol.m-3) 
56*%# Ethanol (ADM1) (kmol.m-3) 
 Fatty acids (ADM1) (kg COD.m-3) 
# Hydrogen (ADM1) (kg COD.m-3) 
" Inorganic carbon (ADM1) (kmol.m-3) 
7 Inorganic nitrogen (ADM1) (kmol.m-3) 
8 Inorganic phosphorus (ADM1) (kmol.m-3) 
' Inorganic total sulfides (ADM1) (kg COD.m-3) 
9 Potassium (ADM1) (kmol.m-3) 
:- Magnesium (ADM1) (kmol.m-3) 
7 Sodium (ADM1) (g.m-3) (kmol.m-3) 
 Total propionic acid (ADM1) (kg COD.m-3) 
6 Sulfur in proteins (ADM1) (kmol.kgCOD-1) 
 Sugars (ADM1) (kg COD.m-3) 
'%$ Sulfate (ADM1) (kmol.m-3) 
; Total valeric acid (ADM1) (kg COD.m-3) 
TKN Total Kjeldahl nitrogen measurements (g.m-3) 
TN Total nitrogen measurements (g.m-3) 
TP Total phosphorus measurements (g.m-3) 
TSS Total suspended solids measurements (g.m-3) 
UASB Upflow anaerobic sludge blanket 
VFA Volatile fatty acids measurements (g.m-3) 
<= Gas volume in the bioreactor 
<>/? Liquid volume in the bioreactor 
WRRF Water resource recovery facility 
WWTP Wastewater treatment plant 
 Particulate compound 
 Acetate degraders (ADM1) (kg COD.m-3) 
@%:A'' Total biomass (ADM1) (kg COD.m-3) 
" Butyrate and valerate degraders (ADM1) (kg COD.m-3) 
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
""%) Calcite (ADM1) (kmol.m-3) 
B Carbohydrates (ADM1) (kg COD.m-3) 
56*%# Ethanol degraders (ADM1) (kg COD.m-3) 
 Inert particulate organics (ADM1) (kg COD.m-3) 
4/ Lipids (ADM1) (kg COD.m-3) 
 Proteins (ADM1) (kg COD.m-3) 
 Propionate degraders (ADM1) (kg COD.m-3) 
'C@ Sulfate reducing bacteria (ADM1) (kg COD.m-3) 
D Radial distance within the biofilm (m) 
Zi 
Chemical species concentration of species i (algebraic variable of the physico-chemistry 
module) (kmol.m-3) 
1. INTRODUCTION 35 
Resource recovery from wastewater processes is a rapidly emerging research area, which has promoted the 36 
development of different types of anaerobic technologies (AT) (amongst others) as a sustainable way to treat 37 
highly loaded domestic and industrial wastewaters (Batstone et al., 2015). The reason is mainly that 38 
anaerobic systems can: 1) ensure compliance with the effluent discharge limits; 2) produce biogas that can 39 
be converted to energy (heat/electricity) to reduce the power demands within the treatment facility; and, 3) 40 
avoid nutrient destruction and enables its potential capture in different forms and qualities (Tchobanoglous 41 
et al., 2003). Therefore, engineering practice is facing a transition from conventional wastewater treatment 42 
plants (EFFG) into water resource recovery facilities (E11HG) (Daigger et al., 2011). 43 
Mathematical models have demonstrated to be highly effective for benchmarking (Copp, 2002; Jeppsson et 44 
al., 2007), diagnosis (Rodriguez-Roda et al., 2002), design (Flores-Alsina et al, 2012, Benedetti et al., 45 
2010), teaching (Hug et al., 2009) and optimization (Rivas et al., 2008) of E11HG. Since the publication of 46 
the International Water Association (+E) Anaerobic Digestion Model No 1 (1) (Batstone et al., 47 
2002) the field of has been rapidly expanding. Numerous studies presenting new technologies, new 48 
processes and the need to consider anaerobic systems in a much broader context of the wastewater cycle as a 49 
whole have been published in specialized literature (Batstone et al., 2015). However, practical applications 50 
of these models, and particularly industrial cases, have been relatively limited. A potential reason for this is 51 
that commercial software applications (e.g. GPS-X, WEST-DHI, SUMO, BIOWIN, EFOR, SIMBA) 52 
including state-of-the-art mathematical models (Henze et al., 2000; Batstone et al., 2002) were originally 53 
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developed to predict the performance of urban wastewater systems treating domestic wastewater, and 54 
therefore fail to properly represent specific industrial processes. 55 
Industrial wastewaters have very diverse dynamics (compared to urban wastewater), which is a result of 56 
different production schemes/schedules within the factory (Gernaey et al., 2011). Variable pH (Fang et al., 57 
2002), influent biodegradability (Astals et al., 2013), non-standard ,: 
 and : 
 ratios (Punal et al., 58 
2000) might challenge traditional biological processes. In some cases, high  loads decrease methane/biogas 59 
production (and potential energy recovery) (Tchobanoglous et al., 2003). This reduction is attributed to two 60 
factors: 1) loss of electron equivalents due to sulfate reducing bacteria (Hao et al., 2014, Liu et al., 61 
2015a,b); and, 2) decrease of acetoclastic and hydrogenotrophic methanogenesis due to sulfide inhibition 62 
(Kalyuzhnyi and Fedorovich, 1998). Metals and some inorganic/organic compounds can inhibit 63 
microorganism growth and/or have severe toxicity effects (Chen et al., 2008). The high content of cations 64 
and anions promotes the formation of precipitates at different locations in the reactor (granules, pipes), 65 
which can have detrimental (decrease of methanogenic activity) or catastrophic (cementation) effects on 66 
reactor performance (Van Langerak et al. 1998; 2000). Hence, mathematical models describing industrial 67 
wastewater reactors should include all these (hostile) phenomena in order to produce reliable predictions.  68 
Another important factor to account for among the modelling challenges when representing high rate 69 
configurations, which are widely used in industry, such as upflow anaerobic sludge blanket reactors (I), 70 
expanded granular sludge bed ( ) reactors or anaerobic fluidized bed reactors (H1) (Saravanann 71 
and Sreekrishnan, 2006), is the multi-scale concept. In such systems, processes occur at very different 72 
spatial (from mm to m) and temporal scales (from seconds to days) (Wanner et al., 2006; Xavier et al., 73 
2005). For example, acid-base reactions are very fast, while microbial growth is rather slow. Such slow and 74 
fast variations causes well-known numerical stiffness problems and hence special solvers are necessary 75 
(Flores-Alsina et al., 2015). This can be critical when the modelling is to be used for control using rigorous 76 
sensor and actuator models (Rosen et al., 2008). At reactor scale, the effects of the hydrodynamics on the 77 
overall process performance should be included (Batstone et al., 2005). In systems where microorganisms 78 
are anchored into granules, their structure, size and distribution within the reactor must be taken into account 79 
since these have strong effects on the overall process performance (Volcke et al., 2010; 2012). Finally, a 80 
third scale to consider is the microbial metabolism along with transport of soluble (diffusion) and particulate 81 
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(convection) compounds (Van Lier et al., 2015). These processes will govern the spatial location of the 82 
particulate compounds, such as the bacteria, inert material and other particulates, e.g. precipitates (Rittmann 83 
and McCarty, 1980; Boltz et al., 2011). At present, most of the full-scale modelling studies dealing with 84 
high rate anaerobic systems have not taken all these aspects (full-scale, multi-scale, N, P & S, multiple 85 
mineral precipitation) into account simultaneously (Batstone and Keller, 2003; Batstone et al., 2004a; 86 
Erashin et al., 2007; Chen et al., 2009; Dereli et al., 2010; Hinken et al., 2014; Aymerich et al., 2015, 87 
Barrera et al., 2015). As a consequence, it is not possible to properly describe liquid, gas and granule 88 
transport processes, including liquid to granule and liquid to gas transfer or inter-granule mass transfer 89 
limitations and inter-granule heterogeneity (Wanner et al., 2006). 90 
In order to circumvent these limitations, the objective of this paper is to develop a multi-scale (reactor, 91 
granule, biofilm) approach for mechanistic description of the main biological and physico-chemical 92 
processes taking place in industrial anaerobic granular reactors. At the biofilm level, special emphasis is 93 
placed on describing the competition between sulfate reducing bacteria and methanogens, the addition of 94 
ethanol as a separate model component, the effect of ionic strength/activity corrections and the formation of 95 
multiple mineral precipitates. Flow patterns, granular distribution and size are addressed at reactor and 96 
granular level, respectively. The proposed approach is experimentally tested using two different data sets 97 
corresponding to different operational modes. In addition, for this case study the authors have developed: 1) 98 
a phenomenological approach to increase data frequency and therefore providing additional dynamics to 99 
influent data; and, 2) a statistical (inference) method for parameter estimation. The paper details the 100 
development of the new model by presenting sequentially the elements of which it is comprised as well as 101 
highlighting the integration/interfacing aspects. The capabilities/potentials of the proposed approach are 102 
illustrated by several simulated scenario analyses. Lastly, opportunities and limitations that arise from 103 
utilization of the new model are discussed. 104 
2. METHODS 105 
2.1. Plant configuration 106 
The plant under study is located in Kalundborg - North Western part of Zealand (Denmark). Reactor design 107 
is based on the BIOPAQ®IC technology (Paques, the Netherlands), a special version of the   concept. 108 
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In general,   systems employ granular sludge, which is characterized by high mass transfer area, high 109 
volumetric conversion rates and ultimately enabling more compact installations (Van Lier et al., 2015). The 110 
latter ensures a higher energy recovery potential compared to traditional digestion systems. The reactor is 111 
comprised of four parts: 1) a mixing section (); 2) an expanded sludge bed (11); 3) a polishing section 112 
(12); and, 4) a gas-liquid separator ( − !). In  the influent is evenly distributed within the reactor. The 113 
water flows upwards to	11 where most of the organic pollutants are converted into biogas. The effective 114 
contact between water and granular anaerobic biomass allows for a higher load. Next, the biogas produced is 115 
collected in the lower separation module and flows upwards through the riser to  − ! at the top of the 116 
reactor. In this section, the water and biogas are separated. The water flows into the downer to the bottom, 117 
and it is mixed with the influent. This flow of water from 11 through the riser and the downer and back into 118 
 is called the internal circulation (+) and it gives the reactor its name. In fact, the lifting forces of the 119 
collected biogas are used to bring about the + of the liquid (and granular sludge) over 11. The water from 120 
11 flows to the upper compartment (12), which has a lower organics concentration. In this section, the rest 121 
of the organic material is transformed into biogas. This biogas flows upwards to the headspace, while water 122 
is sent to	 through the downer or leaves the reactor with the overflow. The biogas leaves the reactor at the 123 
top and the polished effluent through the effluent pipe (see Figure 1 for details). 124 
2.2. Data measuring campaign 125 
Two different data sets (#1, #2) corresponding to two operational periods are used to test the predictive 126 
capabilities of the model. For the first data set (#1) (from 25.01.2016 to 11.02.2016) the influent flow 127 
rate/mass loadings into the industrial AD are 144 m3.h-1, 1600 kg 
.h-1, 70 kg ,.h-1 and 40 kg .h-1. The 128 
influent :
 ratio is 0.025 kg .kg 
-1. Data for the second period (#2) (from 28.08.2016 to 129 
19.09.2016) show higher ,:
 and lower : 
 ratios, higher protein concentration, more precipitates 130 
and a higher degree of acidification (). In absolute values, flow rate/mass loadings into the industrial  131 
are 207 m3.h-1, 2 200 kg 
.h-1, 160 kg ,.h-1 and 35 kg .h-1. The influent : 
 ratio remains almost 132 
the same (0.027 kg .kg 
-1). Samples are taken at the outlet of the pre-acidification tank (KL), a 133 
unit before the studied anaerobic granular bioreactor to promote the growth fermenters and formation of 134 
<H. Rigorous mass balances are conducted to: 1) characterize influent fractions; and, 2) check data quality 135 
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(see Tables S1-S5 in the Supplemental Information section). It is important to highlight that influent 136 
conditions are extremely variable since the system under investigation treats the wastewater from two large 137 
biotech industries (Novozymes and Novo-Nordisk) located in the NW part of Zealand, Denmark. Indeed, 138 
wastewater composition strongly depends on production schedules, which change over the year. For both 139 
periods, data on influent/effluent cations (,MN, ON, MN, PN) and anions (Q*, 
(*,) are available. 140 
Analyses were done using Standard Methods (APHA, 2012) using 1 day composite samples.  in the 141 
aqueous phase are grab samples as the sulfides are so volatile it is not accurate to take a composite 142 
measurements. In addition, R, , 
, , <H and MQSMQTUTV were continuously measured inside the 143 
reactor (5 min frequency). 144 
2.3. Influent generation 145 
The model blocks for: 1) flow-rate generation (H!
E); 2) compounds generation (
!!IF+
,); and, 3) 146 
sewer network (F1,
1F), developed for the Benchmark Simulation Model No 2 (2) (Gernaey et 147 
al., 2011) influent generator, are used to reproduce the wastewater dynamics. The BSM2 influent generator 148 
is developed for urban wastewater but can also be applied to industrial systems. The main idea behind this 149 
model is to assume specific (daily/weekly) industry-type defined profiles (H!
E, 
!!IF+
,), which are 150 
sampled cyclically and combined by multiplication. The resulting output (averaged to 1) is scaled to the 151 
desired influent conditions assuming specific loading rates. Based on the available measurements, the 2 152 
influent generator provides: 1) additional influent dynamics; 2) increased data frequency; and, 3) a more 153 
realistic and complete picture of how the EFF might perform under a wide range of disturbances (Flores-154 
Alsina et al., 2014; Snip et al., 2016). 155 
2.4. (Bio) chemical model  156 
Reaction rates in both bulk and biofilm are evaluated using the stoichiometry and kinetics as described in the 157 
1 (Batstone et al., 2002). The operational temperature is constant at 35°C (mesophilic conditions). The 158 
default implementation is upgraded to include ,  and ethanol ( − 
) related conversion processes 159 
(Flores-Alsina et al., 2016).  is modelled using a source-sink approach assuming a predefined elemental 160 
(, , ,, , 
) composition (de Gracia et al., 2006). Biological production of sulfides (') is described by 161 
means of sulfate reducing bacteria ('C@) utilising hydrogen (#&) (autolithotrophically) as electron donor 162 
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(Batstone, 2006). Potential hydrogen sulfide (W#&') inhibition and stripping of H2S to the gas phase ( #&') 163 
are considered (Federovich et al., 2003). Finally,  − 
 (56%#) degradation is modelled assuming a 164 
specific group of microorganisms (56%#), which end up producing hydrogen (#&) and acetate () 165 
(Batstone et al., 2004b). Since the ∆G values and stoichiometry of hydrogen production are similar for 166 
ethanol and butyrate degraders, the default kinetic parameters and #& inhibition parameters for butyrate 167 
degraders () were used as starting values to describe 56%# degradation (Batstone et al., 2004b). The 168 
model also includes physico-chemical equations that simulate the acid-base system and thereby R (Solon 169 
et al., 2015a). The model corrects for ionic strength via the Davies approach to consider chemical activities 170 
instead of molar concentrations and hence perform all the calculations under non-ideal conditions (Flores-171 
Alsina et al., 2015). Multiple mineral precipitation is based on Saturation Index calculations (+) as stated in 172 
Kazadi Mbamba et al. (2015a;b). 173 
2.5. Multi-scale reactor model 174 
A multi-scale, fully-coupled modelling approach is adopted to describe the system under study (see Figure 175 
1). At reactor scale, 11 and 12 are modelled as a series of continuous stirred tank reactors (F1). The 176 
bottom compartment (R1) is comprised mainly of the sludge bed, and the top compartment (R2) act as 177 
polisher and has a low biomass concentration. Each F1	contains a liquid (<>/?) and a gas phase (<=) 178 
volume in order to take into account mass transfer phenomena. The total liquid (<>/?) and gas phase (<=) 179 
volumes are 1 963 and 213 m3, respectively. Different splitters and combiners (Jeppsson et al., 2007) are 180 
used to reproduce the effect of  and + (the latter is kept at a constant value of 12 670 m3.day-1). At the 181 
granular scale, the number of granules (U-)/total contact area (2) are calculated from VSS measurements 182 
(Vangsgaard et al., 2012), and these values change as a function of reactor height. So does also the assumed 183 
maximum granule diameter (!3(,-.4Z). Hence, in the lower reactor (11) granules are assumed to heavier 184 
(due to gravity), bigger (!3(,-.4Z,[) and more numerous (U-,[). On the other hand, in the top reactor (12) 185 
there is a lower number of granules (U-,) and they are smaller in size (!3(,-.4Z,) i.e. there is a vertical 186 
VSS gradient. No !3(,-.4Z measurement data was available and literature data was used (Batstone et al., 187 
2004). In this way, the model describes a differential granular size distribution as a function of 11 and 12. 188 
For simplicity purposes, granules are assumed to be spherical and have constant density (\2//43	= 180 kg 189 
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.m-3) (Batstone et al., 2004). Finally, at the biofilm scale, a one-dimensional model is constructed 190 
according to Wanner et al. (2006). The model contains both soluble () and particulate () state variables. 191 
The mass balance assumes that the transport of soluble compounds is governed solely by (homogenous) 192 
diffusion whereas movement of particulate compounds takes place by convection (Saravanan and 193 
Sreekrishnan, 2006) (see Figure 1 for details). Biofilm thickness (!) is given as the radial distance (D) from 194 
the centre to the surface of the granule and varies due to two phenomena: the net growth of the particulate 195 
species and detachment from the biofilm surface (Lackner et al., 2008). The resulting system of partial 196 
differential equations (G) is solved using the method of lines (Press et al., 2007). In this case, 197 
discretization of space (z = the radial distance) is chosen to obtain a system of ordinary differential equations 198 
(
G). The second order space derivative describing diffusion ( only) is approximated by the finite 199 
central difference method in spherical coordinates. The first order derivative for convective movement of  200 
is solved using a backward difference approximation of the first order concentration space derivative (unless 201 
it is the first node, where it is a forward difference). The integral in the equation describing the biofilm 202 
growth velocity is approximated by the trapezoidal rule. Further information about biofilm/bulk mass 203 
balancing, boundary conditions and numerical resolution can be found in Vangsgaard et al. (2012). The 204 
model has been implemented from these first principles in Matlab-Simulink (Mathworks, Natick, MA, 205 
USA). All dynamic simulations are preceded by steady state simulations to ensure correct model 206 
initialization (Gernaey et al., 2014). Constant influent conditions for each #1, #2 are calculated using 207 
average influent values and thus avoiding deviations in the granule composition. Additional details 208 
regarding model assumption, model parameters and simulation procedure can be found in the Supplemental 209 
Information (Table S7).  210 
2.6. Parameter estimation 211 
Optimum values of kinetic coefficients for selected model parameters were estimated by separately fitting 212 
results to the dataset from each campaign (#1, #2), using a non-linear local optimization technique, 213 
lsqcurvefit, in MATLAB with the default ‘trust-region-reflective’ algorithm (Mathworks, Natick, MA, 214 
USA). The residual sum of squares (RSS) was used as objective function. Further information about the 215 
method can be found elsewhere (Lobry et al., 1991). Key parameters affecting biogas (, 
, ), 216 
organics profiles (
6, 
4, <H), nutrients (,(, (
)*() and several cations/anions (
(*, 217 
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MN, PN) are estimated. The selection of these parameters is based on previous global sensitivity 218 
analysis studies (Solon et al., 2015b; Barrera et al., 2015). 219 
3. MODEL PREDICTION CAPABILITIES 220 
3.1. Dynamic modelling of influent data 221 
Figure 2 illustrates that the 2	influent generator is able to reproduce flow-rate and pollution (<HG, 222 

, ,,  & ) trends for the two studied data sets (#1 and #2)  Simulation results demonstrate that the 223 
assumed specific user-defined profiles can produce influent data with high frequency. The generated plots 224 
show some additional daily (day 15	#1 and day 13 #2) and weekly variations (day 7 in #1 & day 8 225 
#2), the effect of cleaning equipment within the production site (day 15 in #1) and shutting down the 226 
reactor (day 4 and 11 in #2), which was not originally available for all the influent measurements. Table 227 
S0 show that the average deviation for both #1,	#2 is around 5 %. The influent files created by the 228 
2 influent generator will then be fed to the multi-scale reactor model for subsequent testing. 229 
3.2. Dynamic modelling of effluent data 230 
Simulation results (solid lines) show that the proposed approach is capable of reproducing (dotted lines) 231 
hydrolysis (see 
6 profiles), acidogenesis (see 
4 profiles) and acetogenesis (see <H profiles) 232 
for #1 (see Figure 3). The R, 
(*, , 
 and  profiles reveal the correct description of the 233 
weak acid-base chemistry, mass transfer (liquid-gas) methanogenesis, sulfidogenesis and competition 234 
between methanogens (F) and sulfate reducing bacteria (1). The model also predicts N (see ,( 235 
profiles) and P (see (
)*( profiles) release with good agreement. Finally, although the + values identify 236 
potential precipitation of M
) and M)(
), the mass balances indicate that this does not occur (or if it 237 
does to a very low degree) (see MN and PN profiles). Average deviation between measurements and 238 
simulations for #1 is 10.2 % (see Table S9) 239 
Influent characterization is based on rigorous 
, ,,  &  mass balances, and follows the principles 240 
reported in Feldman et al. (2017) (see Tables S1, S2, S3, S4 and S5 in the supplemental information 241 
section). Kinetic parameters were estimated as described in Section 2.6. Compared to the default values 242 
(considering not  as stated in Bastone et al., 2015), hydrolysis rates (S2, S6, S4/) had to be increased 243 
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considerably (around 10 times). This is mainly due to extremely biodegradable influent (around 70 % of the 244 
total 
 is converted to ). The RKL tank before the  does contribute to that purpose as the degree 245 
of acidification () in the influent and effluent is 40 %. Another potential reason could be the over-246 
estimation of the influent . Moreover, uptake rates for hydrogen degraders (#& , 'C@) had to be slightly 247 
adjusted in order to give a competitive advantage to 1 (Batstone et al., 2006; Barrera et al., 2015; 248 
Flores-Alsina et al., 2016). This study assumes that  conversion (around 50 % of the incoming ) is done 249 
autolithotrophically (Batstone et al., 2006; Flores-Alsina et al., 2016). The inhibition parameter for  250 
had to be decreased substantially (O,#') in order to describe <H dynamics effectively. The most probable 251 
reason is the potential inhibition on acetogens (,  and ) by an inorganic/organic/metal compound 252 
that is neither measured nor described by the model (Chen et al., 2008). The , and  contents in 253 
biomass/inerts had to be re-estimated to match the nutrient dynamics. The other parameters were set to their 254 
default values (Batstone et al., 2002; Flores-Alsina et al., 2016). Further information about parameter 255 
values, as well as the deviation from default values, can be found in Table S6 and Table S7 in the 256 
Supplemental Information section. 257 
Figure 4 shows the dynamic profiles for the second evaluation period (#2). The same procedure is used 258 
for influent and parameter characterization. Again, simulation results reveal that the model successfully 259 
predicts the trends of selected operational variables. The good agreement between the measured (dotted 260 
lines) and the simulated (solid lines) data supported that the developed multi-reactor scale model properly 261 
captures the interactions between the influent wastewater and relevant microorganisms (see in Table S9 that 262 
average deviation measurement/simulation for  #2 is 10.1 % ). As the reader may notice, there were 263 
problems with the R sensor during #2 and only occasional measurements were available (average values 264 
around 7.3). Another important difference with respect to #1 is the role of precipitation. The higher 265 
operational R and MN and lower (
)*( concentrations indicate that M
) is the dominant 266 
compound. High +
 
values and literature data (Van Langerak et al., 1998) reinforce the hypothesis. The 267 
same rationale was used to select and adjust model parameters.  268 
The same procedure is used to characterize influent fractions and select and estimate relevant parameters 269 
(see Table S1-S5 in the Supplemental Information section). Specifically for #2, hydrolysis rate values 270 
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(S2, S6, S4/) are closer to the values reported in Batstone et al. (2015). This is attributed to the lower 271 
biodegradability of the substrate. Mass balances in Table S1 show a decrease of the COD conversion to  272 
from 70 to 60 % when comparing #1 with #2. The 
6 / 
6 ratio is also substantially higher 273 
(from 15 to 28 %) for #2. A higher  content in organics (6Z/.) and consequently in biomass 274 
(2/3) had to be applied to close the mass balances (see Supplemental Information section Table S4). 275 
Uptake rates for hydrogen degraders (#&, 'C@) are slightly modified. Despite the higher S load, a similar 276 
reduction (50 %) to sulfides is achieved (see Table S5 in the Supplemental Information section). The value 277 
of the inhibition parameter for  (O,#') is set back to the default values, which reenforce the previous 278 
hypothesis of the presence of an unidentified inhibiting compound for #1 (the  in the effluent is lower). 279 
With respect to the precipitation kinetics, S""%^  is close to the values reported by Kazadi Mbamba et al. 280 
(2015b). It is important to highlight that this study only considers precipitation in the bulk. The effect of 281 
inter-granular precipitation is studied in the following section. As in the previous case, the other parameters 282 
are set to their default values (Batstone et al., 2002; Flores-Alsina et al., 2016). 283 
4. ADDITIONAL MODEL PREDICTIONS  284 
The additional simulations presented in this section demonstrate some of the potential of using the proposed 285 
approach when performing model-based studies. Therefore, for exemplary purposes, the adjusted model will 286 
be used to: 1) analyse different multi-scale elements; and, 2) explore how results (using #1 and #2 and 287 
calibrated parameters) are affected by changing some of the model settings (steady state+dynamic). 288 
Simulation 1 predicts the assumed distribution of key microorganisms from the core to the surface of the 289 
anaerobic granular sludge for #1 (in both 11 and 12). In Simulation 2, the impacts of operational R and 290 
: 
 ratio on: 1) biomass distribution; and, 2) methane production are studied for #1. Finally, 291 
Simulation 3 shows the potential effect that intra-granular precipitation might have on the organic/inorganic 292 
ratio within the granule using #2 as a case study (where M
) formation takes place). 293 
4.1. Relative substrate/biomass distribution within the granule 294 
The simulation results depicted in Figure 5 show the concentration profiles of fermentables (, , , 295 
56%#), organic acids (;, 2, , ) and hydrogen (#&) as a function of granule depth for both 11 296 
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(!3(,-.4Z,[) and 12 (!3(,-.4Z,). These substrates were predicted to degrade to a concentration level of 297 
approximately 10 % of the affinity constant O' (Batstone et al., 2002) within the outer 100 µm of the 298 
biofilm. Methane	("#$) and R, on the other hand, show the opposite behaviour: higher values in the centre 299 
of the granule and a significant decrease towards the surface. Regarding 11 and 12	one can observe the 300 
same trends, but organic soluble substrates () and R are higher in the lower reactor due to the higher 301 
loading conditions. The model also indicates that the centre of the granule is inactive due to the high 302 
concentration of inert material () resulting from biomass death. The biomass (2/) and organics (-) 303 
concentrations increase for an increasing radial distance (D), i.e. the closer to the surface, the higher the 304 
biomass concentration. Similar experimental observations were reported by de Beer et al. (1992), Flora et 305 
al. (1995), Batstone et al. (2004) and Saravanan and Sreekrishnan (2006). Regarding the distribution of 306 
specific groups of microorganisms, a high portion of methanogens () is placed in the inner zone, and this 307 
fraction decreases as the radius of the granule increases. The presence of acidogens (, ,	) and 308 
acetogens (, ) is comparatively higher in the outer layers of the biofilm (see Figures 5 and 6, first 309 
column), though it should be noted no clear demarcation zone in activity zones exists. The role of 'C@	is 310 
quite marginal due to limited turnover. This distribution responds to: 1) applied loading rates; 2) mass 311 
transfer limitations; 3) the specific (bacterial) affinity for substrates; and, 4) relative kinetic uptake rate of 312 
the substrates, as well as substrate placement within the overall process. Again, similar trends can be 313 
observed between the upper and lower reactors but there is a lower quantity of  in 12 due to loading 314 
conditions. Both uni/multi-dimensional models presented in Batstone et al. (2004; 2006) and Odriozola et 315 
al. (2016) have presented comparable predictions.  316 
4.2. Impact of the operational/loading conditions 317 
In the second scenario, the effects of a lower R (decrease from 7 to 6) and higher  loads (3 times) are 318 
assessed. These scenarios are defined quite arbitrarily; it is just to show the reader how model predictions 319 
might change when the conditions (weak acid-base chemistry, : 
) assumed in the previous section are 320 
modified. Simulation results reveal a decrease in the  "#$values (by 15 and 30 %, respectively) as a result of 321 
lower concentrations of methanogenic bacteria. In the first case, this can be explained because	#& and  322 
have an optimal R range between 6.5 and 7.5 (Batstone et al., 2002). In the second case, the reduction is 323 
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attributed to: 1) sulfide inhibition of acetoclastic and hydrogenotrophic methanogenesis; and, 2) competition 324 
between SRB ('C@) and hydrogenotrophic methanogens (#&) for electron equivalents (#&). The 325 
increased S load results in a higher allocation of influent COD to #&' instead of "#$(Chen et al., 2008; 326 
Hao et al., 2016). Figure 6 shows the biomass distribution inside the granule for the default case (column 327 
1), and the two generated scenarios (columns 2 and 3). No substantial variations in microbial distributions 328 
can be observed. There is only an increase of the relative space occupied by 'C@ in column 3 (high ) since 329 
these organisms now gain a competitive advantage with respect to other groups. Additional 2-D plots are 330 
displayed in the Supplemental Information section. These results indicate that the biomass is resistant to 331 
changes in loading conditions and hence turnover and response in biomass structure dampened by low decay 332 
rates (Batstone et al., 2004). I 333 
4.3. Intra-granular precipitation 334 
The last scenario assumes also intra-granular instead of only bulk precipitation for #2.	The F model 335 
presented in Ekama et al. (2006) is used to describe the organic/inorganic distribution within the granule. 336 
Precipitation kinetics are also based on equations described in Kazadi Mbamba et al. (2015) using the 337 
parameters adjusted for the bulk (see Table S7 in the Supplemental Information). Simulated results of the 338 
organic/inorganic distribution and + values for: 1) both 11 and 12; and, 2) different time points are 339 
illustrated in Figure 7. At time 0, the entire granule is basically organic, with a small fraction of inorganic 340 
particulates linked to intracellular inorganic compounds (Ekama and Wentzel, 2004). As time proceeds and 341 
precipitation is allowed to occur, the fraction of inorganics increases resulting in ""%) formation (see 342 
column 2 in Figure 7). This causes a reduction of the biogas production since precipitates compete with 343 
biomass for space within the biofilm (precipitates occupy around 20 % of the space). The distribution of 344 
inorganic particulates within the granule corresponds well with the + predictions. The presented model 345 
suggests that precipitates are first formed in the centre of the granule due to the increasing pH gradients (see 346 
Figure 5), and relatively flat anion and cation concentration profiles. Similar conclusions are reported in the 347 
experimental observations carried out by Uemura and Harada (1995), Manas et al. (2012) and Winkler et 348 
al. (2013). Next, due to convective movement, these precipitates are transported to the surface (see Figure 349 
7, column 3). Finally, one might notice the vertical gradient in the distribution of inorganics. In the bottom 350 
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reactor (11), there is a high degree of precipitation due to the high concentration of calcium and carbonates. 351 
On the other hand, in the top reactor where most of the M has been consumed, the inorganic content in the 352 
granules is lower. 353 
5. DISCUSSION 354 
The results summarized in this study bring a substantial advance in the field of wastewater treatment 355 
modelling by introducing a multi-scale representation of the anaerobic digestion process. At the reactor 356 
level the model describes general hydrodynamics accounting for high (11) and low (12) loading conditions, 357 
gas-liquid ( − !) transfer as well as multiple instances of flow combining () and flow spitting (11). At 358 
the granule level, size is a function of biomass growth and decay. The maximum diameter is assumed to 359 
change with reactor height. Finally at the biofilm level, species competition/inhibition for substrates/space is 360 
described following well-established biochemical/physico-chemical models, like the ADM1. While these 361 
approaches are applied piecemeal in the literature, this paper demonstrates the strength of an integrated 362 
approach, using a comprehensive data set (#1, #2). Development of such models, including their 363 
validation with full-scale data, is critical to enable future development of better operational strategies or 364 
optimization studies (Jeppsson et al., 2013), with particular opportunity in industrial systems. In the 365 
following section, the authors discuss the suitability of the number of considered processes and some 366 
practical implications for the plant-wide modelling of resource recovery strategies. 367 
5.1. Opportunities and limitations 368 
The approach presented in this manuscript offers a moderately parsimonious, yet mechanistic representation 369 
of the digestion process under study given the high complexity of the problem. The reader should be aware 370 
that the system under investigation is an industrial plant and the composition of the feed together with the 371 
way to operate the reactor changes substantially according to yearly production schemes, in comparison with 372 
the relative predictability of domestic wastewaters (see also introduction when describing some of the 373 
challenges related to industrial wastewater treatment). As discussed in the manuscript, this could explain the 374 
changes in the influent biodegradability (S2, S6, S4/) and the unusually low (O,#') values, which 375 
forced the re-estimation of a few parameters when switching from #1 to #2. Yet, the study has shown 376 
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that the model provides very reasonable predictions with minimal parameter value modifications. Indeed, 377 
almost all parameters are kept at their default values (see Table S7 in the Supplemental Information 378 
section). 379 
Additional experimental results are necessary to validate the predicted profiles within the biofilm. In that 380 
sense micro-sensors are promising tools (Garcia-Robledo et al., 2016). The same applies to the prediction 381 
of the microbial distribution in the granules, which is far more readily evaluated using molecular techniques. 382 
This type of research is currently being done using fluorescence in-situ hybridisation (Batstone et al., 2004; 383 
Winkler et al., 2013), but also extraction and bulk methods are used (Lu et al., 2012). Molecular techniques 384 
will provide additional insights on how microorganisms are distributed within the granule, and if this 385 
distribution changes as a function of: 1) reactor height; 2) ash content (quantity of precipitation); and, 3) 386 
granular sizes. A proper assessment of the last factor has not been performed in this study, and literature data 387 
was used instead. However, all this information will help to construct better mechanistic models and 388 
increase the overall knowledge about anaerobic (industrial) biofilms. 389 
Model upgrades could substantially improve the model prediction capabilities (Table S9 indicates room for 390 
improvement in some of the accounted processes). The consideration of extra inhibiting/toxic compounds 391 
(Rosen et al., 2004) terms could move O,#' to default values. Better characterization interfaces (Zaher el 392 
al., 2009 ) linked with the influent generator would better describe influent biodegradability. The latter could 393 
reduce the differences between hydrolysis rates (S2, S6, S4/). There are numerous studies 394 
demonstrating that the effect of granular size and granular size distribution have a strong impact on process 395 
(Volcke et al., 2010; 2012, Sun et al., 2016). Additional simulations are included in the Supplemental 396 
information section showing the impact substantial impact of granule size on: mass transfer, biomass 397 
distribution and weak acid base chemistry. (Figure S1). The latter is translated to biogas production (Table 398 
S10). In this study, only one granular size (!3(,-.4Z[ and !3(,-.4Z ).was assumed for each considered 399 
CSTRs (11 and 12) and kinetic parameter adjusted accordingly. Nevertheless, some modifications in the 400 
source code would allow us to consider different granular types within the same CSTR. In this case, the 401 
equation used to quantify U- from VSS should be re-arranged. As well, in the bulk mass balance equations 402 
(,	) the contribution of the different types of granules and relative abundance (2) considered. A higher 403 
number of CSTRs would better describe the vertical TSS gradients. The latter, but, would increase the 404 
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computational demand and therefore simulation time an already heavy model. This can be critical in systems 405 
with a clear competition between F and 1 (Cassidy et al., 2016). Indeed, at high 
* and  − 
, 406 
1 utilizing different types of organics (;, 2, , , Z6%#) as electron sources should be considered. 407 
The latter might affect the biomass distribution within the granule (Liu et al., 2015 a,b; Sun et al., 2016). In 408 
this line of thinking, sulfide might have a strong influence of precipitation (location, characteristics) (Villa 409 
Gomez et al., 2011, 2012). In this paper, the assumption that precipitation was only taking place in the bulk 410 
worked out because the evaluation period was rather short. When considering a longer evaluation period, 411 
intra-granular precipitation must be included since it has a major importance in industrial reactors (Van 412 
Langerak et al. 1998; 2000). It is also a request from the process managers running the plant that future 413 
model development should include this type of phenomena. A first attempt is presented in the scenario 414 
analysis section, and is showing reasonable results. Nevertheless, this approach should be improved further 415 
by also including other aspects, such as the implementation of a proper biofilm density model (Jiang et al., 416 
2008; Winkler et al., 2013) or the modification of the diffusion coefficients proportionally to the degree of 417 
precipitation (Keenan et al., 1993; El-Mamouni et al., 1995). 418 
An important aspect to take into account is related to the representation of the biomass and substrates 419 
presented in Figures 5 to 7. Indeed, the reader should be aware that the inner position within the granule 420 
correspond to minor volume fractions, and the mass associated to this volume if a minor fraction of the total 421 
mass of the species. This is can be clearly represented in the Supplemental information section, where for 422 
exemplary purposes a 2-D representation of the granule structure is depicted for the first scenario analysis 423 
discussed in section 4.1 (Figure S2). Even though the inner material seems to have an important 424 
contribution, in terms of mass the picture change dramatically.  425 
Finally, it should be noticed that no systematic procedure has been used for model calibration (Brockmann 426 
et al., 2008; 2013). The results of the global sensitivity analyses by Solon et al. (2015b) and Barrera et al. 427 
(2015) serve as a good indication and provide a good way to start. The methods might not be applicable in 428 
other systems, but in this case, the number of parameters to be adjusted was rather small in order to produce 429 
reasonable values. 430 
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5.2. Model based optimization of reactor performance 431 
The model implementation presented in this paper will allow the development of benchmarking procedures 432 
for optimizing resource recovery (e.g. biogas recovery) in an industrial context (Copp, 2002; Gernaey et 433 
al., 2014). Implementation of special routines has been necessary, to allow the use of non-stiff solvers 434 
(Flores-Alsina et al., 2015). As a consequence, it is now also possible to use sophisticated sensor and 435 
actuator models accounting for different step responses, delay and noise levels (Rieger et al., 2003; Rosen 436 
et al., 2008). This will allow to develop, test, implement and evaluate realistic control strategies. This is a 437 
clear advantage with respect to state of the art biofilm software (Reichert et al., 1994) allowing a whole new 438 
set of possibilities. Control strategies such as the ones presented in Steyer et al. (1999), Irizar et al., 2015 439 
and Stromberg et al. (2013) could be tested as well in (anaerobic) granular systems.  440 
The model has the potential to evaluate more traditional process options, such as the financial benefits 441 
resulting from an improved biogas production balanced against the addition of selected chemicals (Flores-442 
Alsina et al., 2016), calcium control (Van Langerak et al., 1997), or the addition of substrates for co-443 
digestion (Arnell et al., 2016). Appropriate performance evaluation indices should be developed for that 444 
purpose (Solon et al., 2017). For example, one can evaluate the financial benefits of increasing methane 445 
production in terms of how much more energy (electricity, heat) is produced and consequently sold (or re-446 
used within the factory). Another interesting alternative is to determine appropriate reactor sludge wasting 447 
schemes to cope with excessive precipitation. The study demonstrated that the model can be used to estimate 448 
the ratio of organics/inorganics in the granules at different cationic loads. Such information could improve 449 
the day to day operation of the reactor. Finally, the model is used to evaluate effluent COD/N and thus 450 
ensure a good (downstream) nitrogen removal process. Indeed, the AD conversion should also guarantee a 451 
sufficient quantity of VFA to allow downstream denitrification to proceed (organic acids act as electron 452 
acceptors). Subsequent studies are currently undertaken to overcome these limitations of the AD system – in 453 
terms of N removal capacity – by implementation of an Anammox system following the AD system. 454 
Experimental work (lab scale, pilot scale) is carried out to adapt existing models (Vangsgaard et al., 2012) 455 
to the analysed industrial site. In this way, a combined anaerobic digestion-autotrophic denitrification model 456 
is being developed in order to conduct fully integrated studies.  457 
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6. CONCLUSION 458 
The main findings of the presented study can be summarized in the following points: 459 
• A multi-scale mathematical model approach is developed and used to predict the performance of an 460 
industrial full-scale anaerobic digester. The model deals with reactor hydrodynamic issues, granule 461 
growth, gas stripping, intra-granular convective movement and mass transfer limitations as well as 462 
multi-species/multi-substrate competition/inhibition within the biofilm. 463 
• The modified version of the BSM2 influent generator provided additional dynamics (diurnal & 464 
weekly variation/cleaning of equipment/ reactor shut down) and increased data frequency (from days 465 
to minutes). 466 
• The model is capable to describe hydrolysis, acidogenesis, acetogenesis, methanogenesis, 467 
sulfidogenesis, liquid-gas mass transfer, weak acid-base chemistry and multiple mineral precipitation 468 
as demonstrated by the good agreement between the (macroscopic) experimental data and the model 469 
simulations (average deviation for both #1,	#2 is around 10 %)  . 470 
• The potential biomass distribution within the granule and for each reactor is assessed based on 471 
influent loadings, mass transfer limitations and bacterial affinity for substrate. Competition between 472 
inorganics (precipitates) and organics (biomass) can be analyzed on the basis of the developed 473 
models. 474 
• The set of models presented in this study can be used as an engineering tool to aid decision 475 
makers/wastewater engineers when upgrading/improving the sustainability and efficiency of 476 
wastewater treatment systems (e.g. avoid F and 1 competition, reduce consumption of 477 
chemicals and increase energy recovery). 478 
7. SOFTWARE AVAILABILITY 479 
The Matlab-Simulink code of the model presented in this paper is available upon request, including the 480 
implementation of the physico-chemical (PCM) and biological (ADM1) modelling framework in granular 481 
sludge reactors (BIOFILM). Using this code, interested readers will be able to reproduce the results 482 
summarized in this study. To express interest, please contact Prof. Krist V. Gernaey (kvg@kt.dtu.dk) or Dr. 483 
Xavier Flores-Alsina (xfa@kt.dtu.dk) at the Technical University of Denmark (Denmark). 484 
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Figure 1. Multi-scale (reactor/biofilm/granule) representation of the proposed model. 
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Figure 2. Simulation results and measured influent data for data set 1 (#D1) (left column) and 2 (#D2) (right column). 
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Figure 3. Simulation results and measured effluent data for data set 1 (#D1). 
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Figure 4. Simulation results and measured effluent data for data set 2 (#D2). 
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Figure 5. Predicted biomass/organics/pH distribution within the biofilm in the lower (R1) (columns 1,2,3) and upper (R2) (columns 4,5,6) parts of the bioreactor for data set 1 
(#D1). 0.000 = centre. XLayer and Xbio are total particulates and biomass per each discretized layer. Organics, inerts and biomass are displayed in relative terms. 
Ssu, Sa & Sfa
kg
 C
O
D
.m
-3
0,00
0,05
0,10
0,15
0,20
0,25
0,30
0,35
Sva, Sbu, Spro & Sac
0,0
0,1
0,2
0,3
0,4
0,5
SH2
0,0
2,0e-7
4,0e-7
6,0e-7
8,0e-7
1,0e-6
1,2e-6
SCH4
kg
 C
O
D
.m
-3
0,10
0,12
0,14
0,16
0,18
0,20
0,22
0,24
0,26
0,28
XI, Xbio & Xorg
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xsu, Xaa & Xfa
ra
tio
 ( X
bi
o)
0,0
0,2
0,4
0,6
0,8
1,0
XC4, Xpro & XEtOH
L (mm)-R1
0,0 0,5 1,0
ra
tio
 ( X
bi
o)
0,0
0,2
0,4
0,6
0,8
1,0
Xac XH2 & XSRB
L (mm)-R1
0,0 0,5 1,0
ra
tio
 ( X
bi
o)
0,0
0,2
0,4
0,6
0,8
1,0
pH
L (mm)-R1
0,0 0,5 1,0
-lo
g 
a H
+
7,0
7,2
7,4
7,6
7,8
8,0
Ssu, Sa & Sfa
kg
 C
O
D
.m
-3
0,00
0,02
0,04
0,06
0,08
0,10
Sva, Sbu, Spro & Sac
0,00
0,05
0,10
0,15
0,20
0,25
0,30
0,35
SH2
0
1e-7
2e-7
3e-7
4e-7
5e-7
6e-7
7e-7
SCH4
kg
 C
O
D
.m
-3
0,100
0,105
0,110
0,115
0,120
0,125
0,130
XI, Xbio & Xorg
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xsu, Xaa & Xfa
ra
tio
 ( X
bi
o)
0,0
0,2
0,4
0,6
0,8
1,0
XC4, Xpro & XEtOH
L (mm)-R2
0,00 0,25 0,50
ra
tio
 ( X
bi
o)
0,0
0,2
0,4
0,6
0,8
1,0
Xac XH2 & XSRB
L (mm)-R2
0,00 0,25 0,50
ra
tio
 ( X
bi
o)
0,0
0,2
0,4
0,6
0,8
1,0
pH
L (mm)-R2
0,00 0,25 0,50
-lo
g 
a H
+
7,0
7,2
7,4
7,6
7,8
8,0
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
 
 
 
Figure 6. Predicted biomass distributions in the granules under three different conditions: default operational conditions (column 1), pH decrease (column 2) and higher S 
loads (column 3). #D1 is used to run the simulations. Xacid = Xsu + Xaa + X fa // Xacet = XC4 + Xpro + XEtOH // Xmet = XH2 + Xac.. Biomass is displayed in relative terms. 
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Figure 7. SI values (row 1) and granular distributions of organic and inorganic material (rows 2, 3) for R1 and R2 using data set 2 (#D2). Simulation times are 0 days (column 
1, initial distribution), 25 days (column 2) and 50 days (column 3). Inorganics and organics are displayed in relative terms. 
 
Xorganics & Xinorganics
L (mm)-R1
0,0 0,5 1,0
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xorganics & Xinorganics
L (mm)-R2
0,00 0,25 0,50
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xorganics & Xinorganics
L (mm)-R1
0,0 0,5 1,0
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xorganics & Xinorganics
L (mm)-R2
0,00 0,25 0,50
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xorganics & Xinorganics
L (mm)-R1
0,0 0,5 1,0
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
Xorganics & Xinorganics
L (mm)-R2
0,00 0,25 0,50
ra
tio
 ( X
La
ye
r)
0,0
0,2
0,4
0,6
0,8
1,0
SI CaCO3 (R1) & SI CaCO3 (R2) 
0,0 0,5 1,0
SI
1,0
1,5
2,0
2,5
3,0
L (mm)-R1 / R2
0,00 0,25 0,50
SI CaCO3 (R1) & SI CaCO3 (R2) 
0,0 0,5 1,0
SI
1,0
1,5
2,0
2,5
3,0
L (mm)-R1 / R2
0,00 0,25 0,50
SI CaCO3 (R1) & SI CaCO3 (R2) 
0,0 0,5 1,0
SI
1,0
1,5
2,0
2,5
3,0
L (mm)-R1 / R2
0,00 0,25 0,50
R1
R2
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPTRESEARCH HIGHLIGHTS 
• A multi-scale model describing an anaerobic digestion process is constructed. 
• The model behaviour is analysed using two different industrial (full scale) data sets. 
• The model successfully predicts COD, N, P, S, pH and mineral behaviour.  
• Scenario analysis shows the effect of changing the operational conditions in both bulk and biofilm. 
